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ABSTRACT 
 
Asset allocation decision is ranked as the most important investment 
decision an investor should make. Researchers have developed many 
optimization tools to find the best allocation for investors. Our paper will focus on 
implementing Black-Litterman model together with resampling techniques for 
portfolio allocations. In our paper, we are going to empirically test the usefulness 
of those techniques. The results from our research proved that Black-Litterman 
model and Resampling techniques are advanced methods, which help to 
generate better allocations than the traditional Markowitz method does. As 
focusing on typical Canadian investors, our reference portfolio is consisted of 
S&P TSX, S&P 500, DEX Universe Bond Index, T-Bills and various Canadian 
hedge funds indices. Using new data sets, we will test whether the results 
presented in Kooli and Selam’s 2010 paper will still hold. Lastly, further thoughts 
of our research will be discussed.  
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INTRODUCTION 
Asset allocation decision is ranked as the most important investment 
decision an investor should make. Black-Litterman model and Resampling 
techniques are two advanced allocation methods. Kooli and Selam’s 2010 
research implemented Black-Litterman model together with resampling 
techniques. Similarly, we are going to implement the same techniques to find the 
optimal allocations for a portfolio consisting S&P TSX stocks, S&P 500 stocks, 
Canadian DEX Universe Bond market and some hedge funds. Using new data 
sets, we will test whether the results presented in Kooli and Selam’s 2010 paper 
will still hold.  
In the next few sections, we will review literatures regarding the 
importance of asset allocations, the optimization theory from Markowitz, Black-
Litterman Model and Resampling techniques. Next, our methodology and data 
will be explained. After that, the results of our research will be presented and 
analyzed. Lastly, some further thoughts about our research will be discussed.  
 
LITERATURE REVIEW 
Importance of Asset Allocation 
Brinson, Hood, and Beebower (1986) examined empirically the effects of 
investment policy, market timing and security selection on the return of total 
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portfolio. They first demonstrated the magnitude of asset allocation policy in 
determining active performance. Based on this, Hensel, Ezra and Ilkiw (1991) 
developed the theory by introducing a method which investors could apply to 
analyze the returns and decide the impacts on returns based on the views of risk. 
Ibbotson and Kaplan (2000) raised three interesting distinct questions and 
performed different analysis for each question to show the importance of asset 
allocation. They found that nearly 90% of the variability in returns of a typical fund 
across time was explained by the policy and averagely about 100% of the return 
level was explained by the policy’s return level. Vardharaj and Fabozzi (2007) 
used similar ways to draw a parallel for equity-only portfolio and found that about 
90% of the variation in returns across time was explained by the policy and over 
100% of the level of the portfolio returns was attributable to differences in asset 
allocation policy.  
Markowitz Portfolio Optimization& CAPM 
As the importance of asset allocation become commonly accepted, 
several types of asset allocation strategies have come out. These strategies can 
accommodate different investment goals, risk tolerance, time frames and 
diversification. 
One of the earliest concepts of asset allocation was Markowitz (1952) who 
came up with the ‘’expected returns-variance of returns’’ rule (E-V rule). The 
procedure aims to maximizing expected return for some level of risk, or 
minimizing risk for a given return. From this opinion, we can say that the investor 
should choose the portfolio which had better expected return or had lower 
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variance. This mean-variance optimization method, which is called the most 
widely used quantitative asset allocation framework, became the cornerstone of 
Capital Asset Pricing Model (CAPM), which was introduced by Treynor (1961, 
1962). Sharpe (1964), Lintner (1965) and Mossin (1966) developed the model 
respectively and made it the most important approach to price assets. 
Black-Litterman Model 
However, the CAPM model still has many problems when applying to 
practice. For example, first, the expected returns are hard to estimate. Second, 
the optimal weights of portfolio assets and the positions of asset allocation 
models are very sensitive to the returns that we are assumed. 
To solve those two problems, Black (1990) and Litterman (1992) 
introduced an intuitive optimization method, combining the mean-variance 
optimization framework and the CAPM model, to incorporate views of portfolio 
managers into traditional CAPM equilibrium returns. This approach is more 
flexible and focuses on constructing capital market expectations that perform 
better within an optimizer, which means that the investors only need to say how 
their assumptions of expected returns differing from the expected return of the 
market and to state the degree of confidence in the alternative assumptions. For 
future study, He and Litterman (1999) and Drobetz (2001) put the emphasis on 
simple examples to show the difference between the Black-Litterman 
optimization process and the traditional process rather than the mathematics 
behind them. Mankert (2006) applied two approaches, a mathematical approach 
and a behavioural finance approach, to generate better knowledge of the 
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exercises of the Black-Litterman model. Martellini and Ziemann (2007) extended 
the Black-Litterman model to a new point where higher moments of return 
distribution were taken into consideration. They used the 4-moment-CAPM 
model instead of the standard CAPM model, for the estimation of the market 
neutral implied views. 
Resampling Techniques 
In the field of statistics, the resampling means estimating the accuracy of 
sample statistics, or exchanging labels on data points when conducting 
significance tests or validating models by trying random subsets. There are many 
resampling techniques. Typical techniques are bootstrapping, jackknifing, cross-
validation, permutation test and its asymptotically equivalent test, Monte Carlo 
sampling. 
 In order to derive robust estimates of standard errors and confidence 
intervals of a parameter, for example, mean or correlation coefficient, we often 
use bootstrapping to assign measures of accuracy to sample estimates (Efron 
and Tibshirani 1994). Bootstrapping can be seen as the practice of estimating 
properties of an estimator by measuring those properties when sampling from an 
approximating distribution, usually the empirical distribution of the observed data. 
It may also be used to build hypothesis tests. In our paper, we use bootstrapping 
as our resampling method. 
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Resampling Techniques and Black-Litterman Model 
Michaud (1998, 2002) first introduced resampled efficiency as an 
improvement to MV efficiency. He stated that as a new portfolio optimization 
technology, the resampled efficiency clearly considers the uncertainty of 
investment information. He postulated that a shift of the traditional concept could 
result in new procedures which could eliminate or reduce many deficiencies of 
mean-variance approach. He suggested that the resampling inputs led to a more 
robust asset allocation comparing to classic MV analysis with raw historical data. 
Further, Idzorek (2006) made a contribution to combining the Black-Litterman 
model and resampled mean-variance optimization to develop forceful asset 
allocations. Idzorek (2006) compared and contrasted empirical examples of both 
approaches. Then, he found that since the two approaches were so different, 
they can be used together to overcome the weaknesses of the traditional 
approach. The details of incorporating resampling techniques into Black-
Litterman Model will be discussed in our methodology section.  
Review of Kooli and Selam 
Kooli and Selam (2010) applied Idzorek (2006)’s methodology to their own 
research. They chose data from Canadian market, US market, emerging markets, 
bond index and T-Bill. They first compared the expected returns using Black-
Litterman model, integrating market equilibrium and views of investors, with 
traditional historical data. Then, they examined the position of hedge funds in the 
Canadian institutional portfolio and found that combining hedge funds into the 
investment category would improve the portfolio’s risk & return profile. However, 
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the paper also said that when they used the Black-Litterman model combing with 
resampling techniques, the significance of hedge funds was less obvious. They 
concluded that each fund is highly heterogeneous and has its own specific 
characteristics that might influence portfolio behaviour. 
 METHODOLOGY & DATA 
 
 This section is intended to describe the methodology developed by Black 
and Litterman in 1992. Also, we are going to look at some later literatures which 
tried to refine the original Black-Litterman model. Lastly, the data we used, the 
difficulties we had for replicating the methodology with different data and the 
various assumptions we made will be presented. 
The Black-Litterman Model in Details 
 As we discussed before, the Black-Litterman Model overcomes one of the 
major pitfalls in the traditional mean-variance optimization model, which is the 
high sensitivity to expected returns. Black-Litterman model suggested neutral 
starting point. The market equilibrium implied returns are oftentimes referred to 
as the Black-Litterman return. This return vector should satisfy the following 
relationship (Black and Litterman, 1992): 
mktO Z3  ¦
                                                    
(1)     
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Where,   
3      is the implied market equilibrium return (N×1 Vector) 
O      is the risk aversion coefficient (depends on investor’s preferred risk level) 
6      is the variance-covariance matrix of the returns (N×N matrix)  
mktZ   is the market equilibrium weights (Nx1 Vector, from the reference index) 
This implied return will later be incorporated with investors’ views. This is an 
innovative feature which the Black-Litterman model provides. Managers or 
investors normally have different opinions on various assets. Excepting for 
allowing adjustment on investors’ risk acceptance levels, the traditional asset 
allocation models generate quite universal results for all investors, despite of 
their different views. Before the invention of Black-Litterman model, no model 
allows investors’ views play a role in making allocation decisions.  
 Normally individuals have two kinds of views: relative or absolute. When a 
manager says that S&P 500 would obtain an absolute return of 6 per cent 
annually for 2012, the manager is expressing an absolute view. In contrast, when 
such a manager says that S&P/TSX index will outperform the S&P 500 index by 
3 per cent in the year 2012, she is expressing a relative view. Let’s set Q as the 
view vector. The size of Q is K×1, where K is the number of views. As we known, 
some analysts make better predictions on certain class of assets than other 
analysts do. Therefore, we need to incorporate different views into the Black-
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Litterman model in different levels of confidence. These are achieved by making 
the views satisfy the following relationship: 
                                       
1 1
. .
. .
k k
Q
Q
Q
H
H
H
ª º ª º
« » « »
« » « »  « » « »
« » « »
¬ ¼ ¬ ¼                                                       
(2) 
The error vector expresses the uncertainty of the views. Intuitively, the more you 
are confident with a view, the less uncertainty you assign to such a view, 
resulting a lower value (or a small variance) in the error terms. The variance of 
each error term forms a new matrix, named . The off-diagonal elements in  
express the covariance between views. Such correlated views can be illustrated 
by an example that a manager predicts 75 per cent of time the S&P TSX will 
outperform the S&P 500 by 30 basis points when we believe the S&P 500’s 
absolute return is lower than 5% annually. These views are sometimes very 
complicated to express in the model. For the purpose of our research, we will 
assume that all views have zero correlation with others. Thus, we will have all off-
diagonal elements of  to be zero. As mentioned before, the larger the variance 
figure, the less confidence towards that view. If one element in the diagonal is 
zero, that means a 100 per cent confidence in that view.   is passed into the 
final Black-Litterman equation for calculating the expected return with investors’ 
views.  
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Before the final equation for expected return can be arrived, a coefficient 
matrix P needs to be introduced. P is a K×N matrix, with K representing the 
number of views and N representing number of assets in the portfolio.  
                                            
1,1 1,
,1 ,
N
K K N
P P
P
a P
§ ·
¨ ¸ ¨ ¸
¨ ¸© ¹
!
# % #
"                                              
(3) 
Now, let E(R) represents the Black-Litterman return, the following 
relationship in equation (4) should be satisfied. Also by assuming the P·E(R) is 
normally distributed and by integrating the equilibrium implied return 3  into 
eqation (4), we can calculate the Black-Litterman return according to equation (5). 
W is a scalar, the larger it is, the more confidence is placed on the equilibrium 
return and the less on the views.                                                             
   P E R Q H <    (4)                         11 1 1 1E R ( ) ( )P P P QW W   c cª º ª º 6  : 6 3  :¬ ¼ ¬ ¼     (5) 
The Resampling Techniques 
 Up till now, raw historical data was used to calculate Black-Litterman 
expected return. As always, historical data have sizeable uncertainties in 
assumptions made on inputs, such as expected return and covariance. Classical 
MV optimizer doesn’t take such uncertainties into account (Michaud, 1998). 
Resampling techniques developed by Richard Michaud was used extensively 
together with Black-Litterman model in order to better cope with the uncertainty 
of assumptions made about the optimizer inputs. 
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Our resampling work is summarized into the following steps:  
1. Estimates returns, standard deviation and correlations with historical data. 
Treat historical data as an original sample to the real population 
2.  Sample with replacement from original sample to get new data sets 
3. Using the new data set incorporating with Black-Litterman views from 
investors and run optimizer to get a new simulated frontier 
4. Repeat steps 2 through 3, for 1500 times. 1500 simulated fronteriers are 
obtained 
5. Calculate the average allocations to the assets for a set of 50 
predetermined return intervals. Combining the new allocations of each 
return together, we will have our resampled frontier 
Data 
 Our data is similar to what Kooli and Selam used in their research. Some 
changes we made include that only US and Canadian markets are considered 
and the time frame of our testing is changed to the period from January 2004 to 
December 2009. As we described before in the introduction, our asset classes 
are the Canadian stocks, Canadian bond, US stocks and Canadian 3 month T-
Bills. Table 1 summarizes the statistics for the different traditional indices over 
the period 2004 – 2009. Any data mentioned in the table are monthly data. 
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Table 1: Summary Statistics for the Traditional Indices, 2004 - 2009 (Monthly) 
  Mean% 
SD 
% 
Sharpe 
ratio Skewness Kurtosis 
Highest 
Return % 
Lowest 
Return% 
TSX Index 0.60 4.55 0.0846 -1.2559 3.4296 0.11 -0.17 
DEX Univ Bond Index 0.45 1.01 0.2337 -0.4612 0.5491 0.03 -0.03 
S&P 500 Index 0.10 4.31 N/A -1.1933 3.1449 0.09 -0.17 
CDN 3 Months  
T-bill(monthly) 0.22 0.39 N/A N/A N/A 0.05 0.00 
 
The US equity returns are assumed to be perfectly hedged to Canadian dollars.  
The hedge fund data we used for the KCS Canadian Universe Index, KCS 
Canadian Multi-strategy Index and other individual strategy indices, such as 
event driven, equity long/short, convertible arbitrage, etc. Table 2 summarizes 
the statistics for the different hedge fund indices over the period 2004 – 2009.  
 
Table 2: Summary Statistics for the Hedge Fund Indices, 2004-2009 (Monthly) 
 
Hedge Fund Types  Mean % 
SD 
% 
Sharpe 
ratio Skewnes Kurtosis 
Highest 
Return% 
Lowest 
Return% 
KCS Canadian Universe Index 1.00 2.72 0.2869 -1.2845 2.9905 5.65 -8.97 
KCS Canadian Multi-strategy Index 1.12 3.62 0.2497 -1.1384 2.3833 9.08 -11.82 
KCS Canadian EMN Index 0.39 1.20 0.1413 -1.3722 3.5156 2.44 -4.23 
KCS Canadian Fixed Income Index 0.50 1.77 0.1586 -3.0448 15.7887 3.83 -9.83 
KCS Canadian Convertible Arb. 1.18 4.99 0.1920 -2.6895 10.2941 8.65 -21.76 
KCS Canadian Event Driven Index 1.72 4.93 0.3042 -1.0467 3.3693 11.08 -18.24 
KCS Canadian Equity L/S Index 1.07 3.62 0.2345 -1.1837 2.5015 7.21 -11.90 
KCS Canadian Global Macro Index 1.34 2.95 0.3822 -1.5572 9.2622 16.20 -7.84 
KCS Canadian Mged Futures Index 1.26 2.35 0.4414 0.1431 0.2795 6.52 -4.65 
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When compare the two tables above, we can easily see that the hedge 
fund indices generally had higher returns and lower standard deviations than 
traditional equity markets in the period we examined. However, the skewness of 
hedge funds indices are smaller when compare to the normal equity markets. In 
addition, the kurtoses of hedge fund indices are larger than the ones of equity 
markets. Those findings are consistent with many previous studies on the 
characteristics of hedge funds. In our optimization scenario 2, 4, and 6 (please 
refer to Table 3 on page 15), we are going to include the KCS Canadian 
Universe Index in our portfolios. The purpose is to see whether Kooli & Selam 
(2010)’s results (i.e. the significance of adding hedge funds to a portfolio 
managed using the robust asset allocation techniques is not very obvious) will 
still hold using different data.  
In the 7th and 8th scenario, we decided to go further on the use of hedge 
funds data available. Kooli and Selam haven’t tried to put specific hedge fund 
strategy index in their research. We decided to include one of the strategy 
indices in our portfolio. As our portfolios focus on typical Canadian investors, 
those investors with some finance knowledge would prefer funds with higher 
Sharpe ratio. Also, they know that higher moments do matter when selecting 
alternative investments, such as hedge funds. In order to find the best fund for 
those investors and include it into our portfolios, the basis of our choice is to 
firstly find the three indices with the highest Sharpe Ratio. Then, we compare 
those three indices with the skewness and choose the one with the largest 
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skewness. Thus, these choosing criteria lead us to the KCS Canadian Managed 
Futures Index. 
Difficulties with Using New Data and Our Major Assumptions 
 We used more recent data (i.e. for the period 2004 to 2009), comparing to 
2002 to 2007 Kooli & Selam have used in their paper. More recent data may 
cause some difficulties. From 2007, the worldwide financial crisis started. In 
times of worldwide financial downturn, markets are more closely correlated than 
good times due to the contagion effects increases the correlation in the crisis 
period. The historical correlation obtained from those years may not be indicative 
when using it directly as an input of the optimizer. To solve this issue, we decided 
to divide our data set into two different time periods. One before the crisis and 
the other after the crisis began in 2007. We have a stronger confidence on the 
correlation ratios before the crisis and in turn place more weight on the 
correlations from that period when we generating the inputs for the optimizer. 
Now, let’s look at some sample views we used in this research paper: 
View NO. 1    
The DEX Universe Bond Index will have an average monthly return of 
0.38 per cent. This is an absolute view.  
View NO. 2  
The TSX Index will outperform the DEX Universe Bond Index by 0.2 per 
cent. This is a relative view.  
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View NO. 3 
We also can assume a relative view on two stock indices. For example, 
we can say that TSX Index will outperform S&P 500 by 0.05 per cent 
(monthly). 
Let’s combine all of our views and convert them into matrices:
     1     0     0     0     
     1    -1     0     0     
     1     0     -1    0     
P
ª º
« » « »
« »¬ ¼ , 
1 1
2 2
3 3
               0                  0
             0                   0
             0             0              
p p
p p
p p
W
W
W
c 
c 
c 
6ª º
« »:  6« »
« »6¬ ¼ , 
  0.0038
  0.0020
  0.0005
Q
ª º
« » « »
« »¬ ¼  
Optimization Scenarios 
The scenarios used for our research is presented in Table 3 on the next 
page. In the first scenario, we use the raw historical return as an input of the 
optimizer. Then, in the second scenario, we use the same optimization 
techniques but add in the Canadian Universe Hedge Fund index. Then, in the 
third scenario, we replace the raw historical return with Black-Litterman expected 
return, which is calculated by the equation (5) mentioned previously. By 
comparing the results from scenario 1 and scenario 3, we want to see whether 
Black-Litterman model provides a better solution for asset allocation than the 
traditional method does. In the fourth scenario, we used traditional optimization 
method adding the resampling process. By comparing the results from scenario 4 
and 2, we want to observe whether resampling techniques alone help to improve 
the traditional Markowitz method. After that, we used a robust asset allocation 
15 
 
Table 3: Optimization Scenarios 
 Expected Return Views Opt. Method With HF HF Type Weight  
1     Historical/Markowitz    NO Traditional NO N/A Type A 
2 Historical/Markowitz      NO Traditional YES Canadian Universe Index Type B 
3 Black-Litterman With View Traditional NO N/A Type A 
4 Historical/Markowitz      NO Resampling YES Canadian Universe Index Type B 
5 Black-Litterman With View Resampling NO N/A Type A 
6 Black-Litterman With View Resampling YES Canadian Universe Index Type B 
7 Black-Litterman With View Resampling YES Canadian Mged Futures  Type B 
8 Black-Litterman With View Resampling YES Canadian Mged Futures Type C 
 
method, similar to the one developed by Idzorek (2006), which incorporate 
resampling techniques into Black-Litterman model in order to provide better 
inputs for asset allocation. By comparing results from scenario 3 and scenario 5, 
we want to see whether the resampling techniques help to improve Black-
Litterman Model. Lastly, the same as what Kooli and Selam did in their 2010 
paper, we included hedge fund into our portfolio. Differently, in addition to putting 
Canadian Universe Index data into the portfolio, we put a specific strategy fund in 
our portfolio, namely the Managed Futures Funds. We will observe whether 
similar results can be obtained by using different Hedge Fund data. For the 
portfolios without hedge fund, we used Type A weight for market equilibrium 
weights, which are 35% for Canadian and US equities, 28% for Canadian bond, 
the rest of the investment goes to money market (i.e. 3 months T-Bills). In the 
cases that hedge funds were included, we used Type B weight for market 
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equilibrium weights, which are 30% for both US and Canadian Equities, 28% for 
Canadian bond, 10% for the hedge fund and 2% for the money market. Since 
hedge funds are not frequently traded assets, we can hardly find a reference 
portfolio for our scenarios, which contain hedge fund. We know that the market 
equilibrium weight will strongly influence the Black-Litterman return and in turn 
affect our allocation results. We decided to use a Type C weight, which allow the 
market weight of hedge fund to vary. The Type C weight is 29% for both US and 
Canadian Equities, 20% for Canadian bond, 20% for the hedge fund and 2% for 
the money market. We will observe how the results will vary.  
RESULTS AND ANALYSIS 
 
In this section, we will use two kinds of graphs to present our results. They are 
efficient frontiers and asset allocation area graphs. The efficient frontier shows 
the risk of a portfolio (usually represented by the standard deviation of the whole 
portfolio) on the X-axis and the expected return on the Y-axis. Figure 1 on the 
next page shows an example of efficient frontier. The other kind of graph named 
asset allocation area graph focuses on showing the combination of assets across 
different risk spectrums. In our example (Figure 2), the X-axis has been divided 
into 50 segments. The position 0 represents the portfolio with the smallest 
variance and the position 50 represents the portfolio with the largest variance (or 
the largest return). The percentage of each asset is shown on the Y-axis. Each 
vertical cross section is used to represent an asset allocation corresponding to a 
specific risk level shown on the X-axis. In Figure 2 below, for example, at the 
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position 0, 2% of our wealth is invested into the Canadian Bond Index and the 
rest of our wealth (i.e. 98%) is invested into T-Bills. The asset allocation area 
graph is an intuitive tool that shows the diversification of the portfolios at different 
risk levels. Looking together with the efficient frontier and the weights tables 
listed in the appendix, you can simultaneously observe the allocations 
corresponding to a particular mean-variance point on the frontier, and vice versa. 
Scenario 1 
Under the Markowitz optimization scenario, the portfolios are not properly 
diversified, as shown in Figure 1 and Figure 2 on the next page. Only three 
assets out of four have been utilized. When moving towards the higher range of 
risk spectrums, the weight gradually moves from T-Bills (lower return asset) to 
TSX (higher return asset). At the 50th risk position (i.e. the right end of the both 
figures), the optimizer places all the weights on the assets with the highest 
historical return, namely, the S&P TSX. 
Figure 1: The Efficient Frontier for the Markowitz Optimization 
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Figure 2: The Allocation Area Graph for the Markowitz Optimization 
 
Scenario 2 
 Using the Markowitz optimization, we include hedge fund into our portfolio. 
Only three out of five assets are included in our portfolios. As you can see from 
Figure 3 below, optimizer allocates wealth to T-Bills in the less risky positions 
and to hedge fund (the high return asset) in riskier positions. The results found 
under this scenario will later be compared with the results from scenario 5 to 
prove the usefulness of Black-Litterman model and resampling techniques.  
Figure 3: The Allocation Area Graph for the Markowitz Optimization (With HF) 
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Scenario 3 
Next, we use the same assets as in scenario 1, but perform the 
optimization with market equilibrium implied expected return and incorporated 
with investor’s views. As we previously discussed in the Data and Methodology 
section, we add the combination of all three views into the market equilibrium 
implied return in order to find our new expected returns for the optimizer. Figure 4 
presents the optimal allocation corresponding to different levels of risk. Also, 
table 6 in the appendix shows the detailed weights of different risk positions. 
Comparing Figure 4 and 2 (or comparing Table 6 and 4 in the appendix), we can 
clearly see that the Black-Litterman model helps to utilize all the available assets 
to form better diversified portfolios. Portfolio’s weights have been moved from T-
Bills (the most concentrated assets in the first scenario) to S&P 500. At riskier 
positions, the optimizer places all the weights to equity markets, such as S&P 
500 and TSX, assets with higher returns. The results are matched with market 
expectations and our views of each asset.  
Figure 4: The Allocation Area Graph for the Black-Litterman Model 
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Scenario 4 
 This scenario is very similar to our scenario 2, except that we performed  
Figure 5: The Allocation Area Graph for the Re-sampled Portfolio (No BL) 
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Scenario 5 
 In this scenario, we further improved our allocation method by combining 
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resampling technique helps to move the weights away from DEX to S&P 500. 
The resampled frontiers are shown in Figure 7. After simulating for 1500 
Figure 6: The Allocation Area Graph for the Black-Litterman with Resampling 
 
 
Figure 7: Resampling Portfolios BL With Views (1500 Simulations) 
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Figure 8: Comparison of Weights for the Same Risk Position (Position #25) 
 
On the left hand side is the weight in Scenario 3 and the right hand side is the 
weight in Scenario 5. Both are from the same risk position. Clearly, the pie on the 
right hand side is better diversified among different assets. In the precedent  
Figure 9: Comparison of Resampled Frontier and Normal Frontier 
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traditional frontier generated from in scenario 3. As shown in Figure 9, the frontier 
in the upper position represents the resampled frontier. It provides investor with 
higher returns without increasing risk.  
Scenario 6 
 Comparing with the results from the second scenario (i.e. comparing 
Figure 10 with Figure 3), we further approved Black-Litterman with resampling 
techniques is a robust way for asset allocations. Also, by comparing the results 
with the previous results from scenario 4, the Black-Litterman plus resampling is 
a much better method than resampling alone. It improves the diversification of 
the portfolio and provides higher return opportunities for most of the risk positions. 
Adding the KCS Universe Canadian Index into the portfolio, the weights of assets 
changed dramatically. Without putting any specific constraint on the hedge fund 
(the default constraint with frontcon function in Matlab is 0% - 100%), large 
weights are allocated to hedge fund. We also clearly observe the weights 
allocation of each risk position (see Table 8 in the appendix), the weights of 
previously owned assets in our portfolio (i.e. S&P 500, TSX, DEX and T-Bills) 
decreased proportionally to contribute to hedge fund’s weight. The relative 
weights to each other are almost unchanged. This result proved that in a portfolio 
managed by Black-Litterman combined with resampling, adding hedge fund into 
such a portfolio will not further improve the diversification of the portfolio.  
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Figure 10: The Allocation Area Graph for the BL with Resampling(with HF Univ.) 
 
We further compared the returns and risk of this scenario with the previous 
scenario. As shown in the figure below, the portfolios with hedge fund have 
higher returns. Even though, the portfolio’s diversification didn’t improved, those 
portfolios are still better choices for investors, because of higher risk adjusted 
return.  
Figure 11: Comparison of Traditional Portfolio and Portfolio with HF Univ. 
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Scenario 7 
 The same as the KCS Canadian Universe Index, adding the KCS 
Canadian Managed Futures Index hasn’t improved the allocation significantly. 
For the previously owned assets, the relative weights to each other are similar to 
weights in Scenario 6. Despite of the higher return and lower deviation than the 
Canadian Universe Index, the Managed Future fund didn’t play a significant role 
in this 
Figure 12: The Allocation Area for the BL with Resampling (with Mged Futures) 
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than the previous scenario, majorly due to some weights were moved back to 
traditional assets (the ones have relatively lower returns). 
Figure 13: Comparison of Portfolio with HF Universe and with Managed Futures  
 
Scenario 8 
 As you can see from the figure below, the result from this scenario is very 
similar to the previous scenario. The weight in Managed Future Fund has been 
increased. This can be explained by the higher Black-Litterman return due to the  
Figure 14: Allocation Area for Resampled Black-Litterman (With HF and Type C 
Weight) 
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higher market equilibrium weight. The relative weights between our traditional 
assets are similar to the results from the previous scenarios. Lastly, we can 
expect higher return of the portfolio than in scenario 7, as larger weight is 
allocated to higher return asset (i.e. the managed futures hedge fund).  
CONCLUSION 
 
 Although the mean variance optimization is the most widely used tool in 
academic and in practice, it has many pitfalls. As we all know, the historical data 
is not a very accurate substitute for expected return. Furthermore, the optimizer 
is very sensitive to the small changes in initial values, especially in expected 
return. Those weaknesses of the optimizer often lead to very concentrated 
position in few assets. Our research further proves that the Black-Litterman 
model, through forming new expect return vector by incorporating investor’s 
views with market equilibrium implied returns, will help to counteract the 
weakness of the traditional mean variance optimization. Also, by further adding 
resampling procedures to the Black-Litterman model, will better help us to 
diversify our portfolio.  
 As many studies have shown, adding hedge fund to the traditional mean 
variance portfolio will improve the portfolio’s risk return profile and increase 
diversification within the portfolio. Some other studies showed that adding hedge 
fund to a portfolio managed by robust asset allocation method (i.e. Black-
Litterman plus resampling) will not improve the portfolio as it is to the traditional 
portfolio (Kooli & Selam, 2010). However, Kooli and Selam did not compare 
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results with risk and return. Without doing those comparisons, their conclusion 
that hedge fund’s limit effect to the portfolio is weak. As shown in our work, some 
portfolios achieved higher return without risk increase. These portfolios could be 
great portfolios for investor to choose.   
As time is limited, we only tested one specific hedge fund strategy index in 
our research. Our results may not be representative for all hedge funds. Further 
study can focus on testing all other hedge fund strategy indices with similar 
portfolio and under various optimization scenarios.  
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APPENDICES 
 
Appendix A : Matlab Code for Black-Litterman with Views and Equilibrium 
Implied Return 
 
% Author: Qiao Zou & Xiang Song 
% Date: Aug 8th, 2011 
% This is code reads the price from the spreadsheet, perform some error 
% checking on the data and then calculate the return using log return 
% Also, this code reads another spreadsheet for the weights, which is 
% market equilibrium weight calculated from MSCI corresponding indices 
 
% Then,  
% After has the return and the market weight as the starting point for 
the  
% Black-Litterman model 
 
%The sample invetors' views are also modeled and applied to find the 
right 
%expected return 
 
%Special thanks for the Thomas M. Idzork for the material presented in 
"A  
%Step-By-Step Guide To the Black-Litterman Model". These materials help  
%me to understand the model and enables me to write the code" 
 
clear; clc; close all 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
[Data12, HeaderText] = xlsread('Global Equity Data.xlsx'); 
[Weight1, HeaderText1]=xlsread('weights.xlsx'); 
 
%Return a matrix that stores the size of the input data 
MatrixSize = size(Data12); 
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%Verify that there are more than one asset in order to generate an  
%efficient frontier, if there is only one asset the efficient frontier  
%would not make sense. There has to be at least of two days of data in 
%order to generate the variance covariance matrix 
 
if MatrixSize(2) < 2; 
    error('The number of assets must be greater or equal to two'); 
end 
if MatrixSize(1) < 2; 
    error('More data is require in order to perform the optimization'); 
end 
 
Returns = Data12; 
 
%Caculates the return of individual assets 
 
 
n_assets = size(Returns,2); 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Calculate the Expected Return: ¦° = ¦Ä¦²Wmkt 
% W is the Market Equilibrium weights and ¦Ädepends on the risk profile  
% of investors and ¦² is the variance-covariance matrix 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
MarketWeight = Weight1; 
ExRet = 2.5*cov(Returns)*MarketWeight; 
ExCov = cov(Returns); 
 
%Define the Scaler tau 
%which 1/number of observations 
 
tau = 1/72; 
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% Define the control matrix, control how the views would make the 
assests  
% interact with each other and assign the weight to each asset class 
 
P=zeros(2,n_assets); 
P(1,2)=1; 
P(2,1)=1; 
P(2,2)=-1; 
P(3,1)=1; 
P(3,3)=-1; 
 
% Define the Omega  
Omega=P*ExCov*P'*tau; 
Q=[.00038 0.002 0.0005]'; 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Calculte the Black-Litterman return with view the following formula 
% The formula is from the Black-Litterman's paper in 1992 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
ExpRet_BL = inv(inv(tau*ExCov)+P'*inv(Omega)*P)*((... 
inv(tau*ExCov)*ExRet)+P'*inv(Omega)*Q); 
 
%Using the frontcon function to perform the optimization  
 
NumPortf=50; 
[E,V,Portfolios]=frontcon(ExpRet_BL, ExCov,NumPortf); 
Portfolios_True=round(100*Portfolios'); 
 
%Plot the results frontier 
%This plotting draw the Asset Allocation Area Graph 
%The PlotFrontier function is built by Attilio Meucci in the book named 
%Risk and Asset Allocation 
%The code is in the CD comes with the book  
PlotFrontier(Portfolios) 
title('BL with View Frontier','fontweight','bold') 
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Appendix B:  Matlab Code for Resamping Frontier 
 
%Author: Qiao Zou & Xiang Song 
%Date: Aug 8th, 2011 
%This code to the resampling 
%Methods: bootscrapting. Random select sample and replace it with the 
%origianl data set. 1500 times of resampling 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%%      
Data = Returns;  
mu = mean(Data)';  
C = cov(Data); 
 
samplesize=length(Data); 
n_resamples=1500; %number of resamples 
New_mean = zeros(n_assets,1); 
 
 
 
%Bootscrap and form 1500 New simulated samples for the return 
 
for  b=1:n_resamples; 
select  =  ceil((samplesize*rand(samplesize,1))); 
resample_tsx(:,b)  =  Data(select,1); 
end; 
 
for  b=1:n_resamples; 
select  =  ceil((samplesize*rand(samplesize,1))); 
resample_dex(:,b)  =  Data(select,2); 
end; 
 
for  b=1:n_resamples; 
select  =  ceil((samplesize*rand(samplesize,1))); 
resample_sp500(:,b)  =  Data(select,3); 
end; 
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for  b=1:n_resamples; 
select  =  ceil((samplesize*rand(samplesize,1))); 
resample_tbill(:,b)  =  Data(select,4); 
end; 
 
for  b=1:n_resamples; 
select  =  ceil((samplesize*rand(samplesize,1))); 
resample_hf(:,b)  =  Data(select,5); 
end; 
 
figure 
 
%Optimization and plot 1500 re-sampled Frontiers  
 
for i=1:1500; 
 
Newinput=horzcat(resample_tsx(:,i),resample_dex(:,i),... 
resample_sp500(:,i),resample_tbill(:,i),resample_hf(:,i)); 
newexpret=mean(Newinput); 
newcov=cov(Newinput); 
NewExpRet_BL = inv(inv(tau*newcov)+P'*inv(Omega)*P)*((... 
inv(tau*newcov)*ExRet)+P'*inv(Omega)*Q); 
[E_Resample, V_Resample, Portfolios_Resample] = 
frontcon(NewExpRet_BL,... 
newcov,50); 
plot(E_Resample,V_Resample)  
 
hold on 
end 
 
% Exact Weights and caculate the average of weights as the result of 
% Resampled Frontiers  
 
V1 = linspace(0.0001,0.0028,50); 
for j=1:50 
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for i=1:1500 
    Newinput=horzcat(resample_tsx(:,i),resample_dex(:,i),... 
    resample_sp500(:,i),resample_tbill(:,i),resample_hf(:,i)); 
    newexpret=mean(Newinput); 
    newcov=cov(Newinput); 
    [newE_Resample, newV_Resample, newPortfolios_Resample(i,:)] ... 
    = frontcon(NewExpRet_BL,newcov,[],V1(j)); 
    weightnew(j,:) = mean(newPortfolios_Resample,1); 
end 
end 
 
%Plot the Asset Allocation Area Graph for the resampled weights 
%As before  
%The PlotFrontier function is built by Attilio Meucci in the book named 
%Risk and Asset Allocation 
%The code is in the CD comes with the book  
 
PlotFrontier(weightnew) 
title('BL with View Resampled Frontier','fontweight','bold') 
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Appendix C: Weights and Optimization Results 
 
Table 4: Weights for Markowitz Optimization (50 Risk Positions) 
 
 
Weights  
TSX DEX SP 500 T-bills 
Risk Position #1 0.0000 0.0206 0.0013 0.9781 
Risk Position #2 0.0024 0.0488 0.0000 0.9489 
Risk Position #3 0.0043 0.0783 0.0000 0.9174 
Risk Position #4 0.0062 0.1079 0.0000 0.8859 
Risk Position #5 0.0081 0.1374 0.0000 0.8544 
Risk Position #6 0.0101 0.1670 0.0000 0.8229 
Risk Position #7 0.0120 0.1966 0.0000 0.7914 
Risk Position #8 0.0139 0.2261 0.0000 0.7600 
Risk Position #9 0.0158 0.2557 0.0000 0.7285 
Risk Position #10 0.0178 0.2852 0.0000 0.6970 
Risk Position #11 0.0197 0.3148 0.0000 0.6655 
Risk Position #12 0.0216 0.3444 0.0000 0.6340 
Risk Position #13 0.0236 0.3739 0.0000 0.6025 
Risk Position #14 0.0255 0.4035 0.0000 0.5710 
Risk Position #15 0.0274 0.4330 0.0000 0.5396 
Risk Position #16 0.0293 0.4626 0.0000 0.5081 
Risk Position #17 0.0313 0.4922 0.0000 0.4766 
Risk Position #18 0.0332 0.5217 0.0000 0.4451 
Risk Position #19 0.0351 0.5513 0.0000 0.4136 
Risk Position #20 0.0370 0.5808 0.0000 0.3821 
Risk Position #21 0.0390 0.6104 0.0000 0.3506 
Risk Position #22 0.0409 0.6400 0.0000 0.3192 
Risk Position #23 0.0428 0.6695 0.0000 0.2877 
Risk Position #24 0.0447 0.6991 0.0000 0.2562 
Risk Position #25 0.0467 0.7286 0.0000 0.2247 
Risk Position #26 0.0486 0.7582 0.0000 0.1932 
Risk Position #27 0.0505 0.7878 0.0000 0.1617 
Risk Position #28 0.0524 0.8173 0.0000 0.1302 
Risk Position #29 0.0544 0.8469 0.0000 0.0988 
Risk Position #30 0.0563 0.8764 0.0000 0.0673 
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Risk Position #31 0.0582 0.9060 0.0000 0.0358 
Risk Position #32 0.0601 0.9356 0.0000 0.0043 
Risk Position #33 0.1058 0.8942 0.0000 0.0000 
Risk Position #34 0.1584 0.8416 0.0000 0.0000 
Risk Position #35 0.2110 0.7890 0.0000 0.0000 
Risk Position #36 0.2636 0.7364 0.0000 0.0000 
Risk Position #37 0.3162 0.6838 0.0000 0.0000 
Risk Position #38 0.3688 0.6312 0.0000 0.0000 
Risk Position #39 0.4214 0.5786 0.0000 0.0000 
Risk Position #40 0.4740 0.5260 0.0000 0.0000 
Risk Position #41 0.5266 0.4734 0.0000 0.0000 
Risk Position #42 0.5792 0.4208 0.0000 0.0000 
Risk Position #43 0.6318 0.3682 0.0000 0.0000 
Risk Position #44 0.6844 0.3156 0.0000 0.0000 
Risk Position #45 0.7370 0.2630 0.0000 0.0000 
Risk Position #46 0.7896 0.2104 0.0000 0.0000 
Risk Position #47 0.8422 0.1578 0.0000 0.0000 
Risk Position #48 0.8948 0.1052 0.0000 0.0000 
Risk Position #49 0.9474 0.0526 0.0000 0.0000 
Risk Position #50 1.0000 0.0000 0.0000 0.0000 
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Table 5:Weights for Markowitz OptimizationWith HF (50 Risk Positions) 
 
 
Weights  
TSX DEX SP500 T-bills 
Mged 
Future 
Risk Position #1 0 0.0206 0.0013 0.9781 0.0000 
Risk Position #2 0 0.0462 0.0000 0.9416 0.0123 
Risk Position #3 0 0.0720 0.0000 0.9034 0.0246 
Risk Position #4 0 0.0978 0.0000 0.8652 0.0370 
Risk Position #5 0 0.1237 0.0000 0.8269 0.0494 
Risk Position #6 0 0.1495 0.0000 0.7887 0.0618 
Risk Position #7 0 0.1753 0.0000 0.7505 0.0742 
Risk Position #8 0 0.2011 0.0000 0.7123 0.0865 
Risk Position #9 0 0.2270 0.0000 0.6741 0.0989 
Risk Position #10 0 0.2528 0.0000 0.6359 0.1113 
Risk Position #11 0 0.2786 0.0000 0.5977 0.1237 
Risk Position #12 0 0.3045 0.0000 0.5595 0.1361 
Risk Position #13 0 0.3303 0.0000 0.5213 0.1484 
Risk Position #14 0 0.3561 0.0000 0.4831 0.1608 
Risk Position #15 0 0.3819 0.0000 0.4448 0.1732 
Risk Position #16 0 0.4078 0.0000 0.4066 0.1856 
Risk Position #17 0 0.4336 0.0000 0.3684 0.1980 
Risk Position #18 0 0.4594 0.0000 0.3302 0.2104 
Risk Position #19 0 0.4853 0.0000 0.2920 0.2227 
Risk Position #20 0 0.5111 0.0000 0.2538 0.2351 
Risk Position #21 0 0.5369 0.0000 0.2156 0.2475 
Risk Position #22 0 0.5628 0.0000 0.1774 0.2599 
Risk Position #23 0 0.5886 0.0000 0.1392 0.2723 
Risk Position #24 0 0.6144 0.0000 0.1009 0.2846 
Risk Position #25 0 0.6402 0.0000 0.0627 0.2970 
Risk Position #26 0 0.6661 0.0000 0.0245 0.3094 
Risk Position #27 0 0.6722 0.0000 0.0000 0.3278 
Risk Position #28 0 0.6429 0.0000 0.0000 0.3571 
Risk Position #29 0 0.6137 0.0000 0.0000 0.3863 
Risk Position #30 0 0.5845 0.0000 0.0000 0.4155 
Risk Position #31 0 0.5553 0.0000 0.0000 0.4447 
Risk Position #32 0 0.5260 0.0000 0.0000 0.4740 
Risk Position #33 0 0.4968 0.0000 0.0000 0.5032 
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Risk Position #34 0 0.4676 0.0000 0.0000 0.5324 
Risk Position #35 0 0.4384 0.0000 0.0000 0.5616 
Risk Position #36 0 0.4091 0.0000 0.0000 0.5909 
Risk Position #37 0 0.3799 0.0000 0.0000 0.6201 
Risk Position #38 0 0.3507 0.0000 0.0000 0.6493 
Risk Position #39 0 0.3215 0.0000 0.0000 0.6785 
Risk Position #40 0 0.2922 0.0000 0.0000 0.7078 
Risk Position #41 0 0.2630 0.0000 0.0000 0.7370 
Risk Position #42 0 0.2338 0.0000 0.0000 0.7662 
Risk Position #43 0 0.2046 0.0000 0.0000 0.7954 
Risk Position #44 0 0.1753 0.0000 0.0000 0.8247 
Risk Position #45 0 0.1461 0.0000 0.0000 0.8539 
Risk Position #46 0 0.1169 0.0000 0.0000 0.8831 
Risk Position #47 0 0.0877 0.0000 0.0000 0.9123 
Risk Position #48 0 0.0584 0.0000 0.0000 0.9416 
Risk Position #49 0 0.0292 0.0000 0.0000 0.9708 
Risk Position #50 0 0.0000 0.0000 0.0000 1.0000 
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Table 6: Weights for Black-Litterman Model with Views (50 Risk Positions) 
 
 
Weights  
TSX DEX SP 500 T-bills 
Risk Position #1 0.0000 0.0206 0.0013 0.9781 
Risk Position #2 0.0121 0.0466 0.0078 0.9335 
Risk Position #3 0.0255 0.0722 0.0130 0.8893 
Risk Position #4 0.0388 0.0979 0.0182 0.8451 
Risk Position #5 0.0522 0.1236 0.0234 0.8009 
Risk Position #6 0.0655 0.1492 0.0286 0.7567 
Risk Position #7 0.0789 0.1749 0.0337 0.7125 
Risk Position #8 0.0922 0.2005 0.0389 0.6683 
Risk Position #9 0.1056 0.2262 0.0441 0.6241 
Risk Position #10 0.1189 0.2519 0.0493 0.5799 
Risk Position #11 0.1322 0.2775 0.0545 0.5357 
Risk Position #12 0.1456 0.3032 0.0597 0.4915 
Risk Position #13 0.1589 0.3289 0.0648 0.4474 
Risk Position #14 0.1723 0.3545 0.0700 0.4032 
Risk Position #15 0.1856 0.3802 0.0752 0.3590 
Risk Position #16 0.1990 0.4059 0.0804 0.3148 
Risk Position #17 0.2123 0.4315 0.0856 0.2706 
Risk Position #18 0.2257 0.4572 0.0907 0.2264 
Risk Position #19 0.2390 0.4829 0.0959 0.1822 
Risk Position #20 0.2523 0.5085 0.1011 0.1380 
Risk Position #21 0.2657 0.5342 0.1063 0.0938 
Risk Position #22 0.2790 0.5599 0.1115 0.0496 
Risk Position #23 0.2924 0.5855 0.1167 0.0054 
Risk Position #24 0.3084 0.5682 0.1235 0.0000 
Risk Position #25 0.3247 0.5447 0.1305 0.0000 
Risk Position #26 0.3411 0.5213 0.1376 0.0000 
Risk Position #27 0.3575 0.4979 0.1446 0.0000 
Risk Position #28 0.3738 0.4745 0.1516 0.0000 
Risk Position #29 0.3902 0.4511 0.1587 0.0000 
Risk Position #30 0.4066 0.4277 0.1657 0.0000 
Risk Position #31 0.4230 0.4043 0.1728 0.0000 
Risk Position #32 0.4393 0.3809 0.1798 0.0000 
Risk Position #33 0.4557 0.3575 0.1869 0.0000 
40 
 
Risk Position #34 0.4721 0.3340 0.1939 0.0000 
Risk Position #35 0.4884 0.3106 0.2009 0.0000 
Risk Position #36 0.5048 0.2872 0.2080 0.0000 
Risk Position #37 0.5212 0.2638 0.2150 0.0000 
Risk Position #38 0.5375 0.2404 0.2221 0.0000 
Risk Position #39 0.5539 0.2170 0.2291 0.0000 
Risk Position #40 0.5703 0.1936 0.2361 0.0000 
Risk Position #41 0.5867 0.1702 0.2432 0.0000 
Risk Position #42 0.6030 0.1467 0.2502 0.0000 
Risk Position #43 0.6194 0.1233 0.2573 0.0000 
Risk Position #44 0.6358 0.0999 0.2643 0.0000 
Risk Position #45 0.6521 0.0765 0.2714 0.0000 
Risk Position #46 0.6685 0.0531 0.2784 0.0000 
Risk Position #47 0.6849 0.0297 0.2854 0.0000 
Risk Position #48 0.7012 0.0063 0.2925 0.0000 
Risk Position #49 0.8300 0.0000 0.1700 0.0000 
Risk Position #50 1.0000 0.0000 0.0000 0.0000 
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Table 7: Weight for Resampled Portfolio (NO BL) 
 
Weights  
TSX DEX SP 500 T-bills 
Canadian 
Univ. HF 
Risk Position #1 0.0015 0.0132 0.0016 0.9808 0.0030 
Risk Position #2 0.0036 0.0342 0.0020 0.9467 0.0135 
Risk Position #3 0.0060 0.0550 0.0028 0.9118 0.0244 
Risk Position #4 0.0085 0.0759 0.0038 0.8766 0.0352 
Risk Position #5 0.0111 0.0967 0.0048 0.8413 0.0461 
Risk Position #6 0.0136 0.1176 0.0058 0.8060 0.0570 
Risk Position #7 0.0162 0.1385 0.0068 0.7706 0.0679 
Risk Position #8 0.0187 0.1594 0.0078 0.7352 0.0788 
Risk Position #9 0.0213 0.1803 0.0089 0.6998 0.0897 
Risk Position #10 0.0239 0.2012 0.0099 0.6643 0.1007 
Risk Position #11 0.0264 0.2221 0.0110 0.6289 0.1116 
Risk Position #12 0.0290 0.2430 0.0120 0.5935 0.1225 
Risk Position #13 0.0316 0.2639 0.0131 0.5581 0.1334 
Risk Position #14 0.0341 0.2848 0.0141 0.5226 0.1443 
Risk Position #15 0.0367 0.3057 0.0152 0.4872 0.1552 
Risk Position #16 0.0393 0.3266 0.0162 0.4518 0.1661 
Risk Position #17 0.0419 0.3475 0.0173 0.4163 0.1770 
Risk Position #18 0.0444 0.3684 0.0183 0.3810 0.1879 
Risk Position #19 0.0471 0.3889 0.0194 0.3458 0.1988 
Risk Position #20 0.0498 0.4089 0.0204 0.3112 0.2097 
Risk Position #21 0.0526 0.4282 0.0214 0.2771 0.2206 
Risk Position #22 0.0557 0.4465 0.0224 0.2438 0.2315 
Risk Position #23 0.0589 0.4633 0.0234 0.2117 0.2426 
Risk Position #24 0.0625 0.4778 0.0244 0.1813 0.2540 
Risk Position #25 0.0662 0.4896 0.0255 0.1528 0.2659 
Risk Position #26 0.0701 0.4977 0.0265 0.1271 0.2785 
Risk Position #27 0.0742 0.5006 0.0276 0.1052 0.2924 
Risk Position #28 0.0784 0.4986 0.0286 0.0868 0.3075 
Risk Position #29 0.0828 0.4917 0.0296 0.0719 0.3240 
Risk Position #30 0.0873 0.4802 0.0307 0.0602 0.3417 
Risk Position #31 0.0919 0.4648 0.0318 0.0510 0.3605 
Risk Position #32 0.0966 0.4466 0.0329 0.0437 0.3802 
Risk Position #33 0.1015 0.4261 0.0341 0.0375 0.4008 
Risk Position #34 0.1064 0.4038 0.0354 0.0324 0.4220 
Risk Position #35 0.1115 0.3804 0.0366 0.0279 0.4436 
Risk Position #36 0.1167 0.3559 0.0378 0.0240 0.4655 
Risk Position #37 0.1221 0.3306 0.0390 0.0206 0.4877 
Risk Position #38 0.1277 0.3046 0.0400 0.0177 0.5101 
42 
 
Risk Position #39 0.1336 0.2781 0.0411 0.0151 0.5321 
Risk Position #40 0.1398 0.2514 0.0423 0.0128 0.5537 
Risk Position #41 0.1465 0.2248 0.0435 0.0107 0.5744 
Risk Position #42 0.1539 0.1986 0.0446 0.0089 0.5941 
Risk Position #43 0.1620 0.1725 0.0458 0.0072 0.6125 
Risk Position #44 0.1715 0.1473 0.0469 0.0057 0.6286 
Risk Position #45 0.1826 0.1227 0.0477 0.0044 0.6426 
Risk Position #46 0.1946 0.0987 0.0481 0.0032 0.6553 
Risk Position #47 0.2070 0.0761 0.0477 0.0023 0.6668 
Risk Position #48 0.2185 0.0561 0.0468 0.0015 0.6771 
Risk Position #49 0.2259 0.0394 0.0448 0.0010 0.6889 
Risk Position #50 0.2287 0.0247 0.0407 0.0007 0.7053 
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Table 8: Weights for Black-Litterman Model with Views and Resampling (50 Risk 
Positions) 
 
 
Weights  
 
TSX DEX SP 500 T-bills 
Risk Position #1 0.0168 0.0390 0.0157 0.9285 
Risk Position #2 0.0269 0.0562 0.0250 0.8919 
Risk Position #3 0.0371 0.0735 0.0342 0.8552 
Risk Position #4 0.0472 0.0907 0.0435 0.8186 
Risk Position #5 0.0574 0.1080 0.0527 0.7819 
Risk Position #6 0.0676 0.1252 0.0620 0.7452 
Risk Position #7 0.0777 0.1425 0.0712 0.7086 
Risk Position #8 0.0879 0.1598 0.0805 0.6719 
Risk Position #9 0.0980 0.1770 0.0897 0.6352 
Risk Position #10 0.1082 0.1943 0.0990 0.5986 
Risk Position #11 0.1183 0.2115 0.1082 0.5619 
Risk Position #12 0.1285 0.2288 0.1175 0.5252 
Risk Position #13 0.1387 0.2461 0.1267 0.4886 
Risk Position #14 0.1488 0.2633 0.1360 0.4519 
Risk Position #15 0.1590 0.2806 0.1452 0.4152 
Risk Position #16 0.1691 0.2979 0.1545 0.3786 
Risk Position #17 0.1793 0.3150 0.1637 0.3420 
Risk Position #18 0.1895 0.3321 0.1730 0.3055 
Risk Position #19 0.1997 0.3484 0.1823 0.2697 
Risk Position #20 0.2099 0.3638 0.1916 0.2347 
Risk Position #21 0.2203 0.3773 0.2009 0.2014 
Risk Position #22 0.2308 0.3884 0.2104 0.1704 
Risk Position #23 0.2414 0.3964 0.2200 0.1421 
Risk Position #24 0.2523 0.4005 0.2298 0.1175 
Risk Position #25 0.2634 0.4010 0.2396 0.0960 
Risk Position #26 0.2746 0.3985 0.2496 0.0773 
Risk Position #27 0.2860 0.3928 0.2598 0.0614 
Risk Position #28 0.2975 0.3840 0.2701 0.0484 
Risk Position #29 0.3092 0.3725 0.2804 0.0379 
Risk Position #30 0.3210 0.3586 0.2909 0.0296 
Risk Position #31 0.3329 0.3428 0.3014 0.0229 
Risk Position #32 0.3449 0.3256 0.3120 0.0175 
44 
 
Risk Position #33 0.3569 0.3073 0.3226 0.0132 
Risk Position #34 0.3690 0.2878 0.3333 0.0099 
Risk Position #35 0.3812 0.2673 0.3440 0.0075 
Risk Position #36 0.3934 0.2464 0.3547 0.0055 
Risk Position #37 0.4056 0.2250 0.3655 0.0039 
Risk Position #38 0.4179 0.2032 0.3762 0.0028 
Risk Position #39 0.4301 0.1810 0.3870 0.0019 
Risk Position #40 0.4424 0.1585 0.3978 0.0014 
Risk Position #41 0.4547 0.1357 0.4085 0.0010 
Risk Position #42 0.4670 0.1129 0.4193 0.0007 
Risk Position #43 0.4793 0.0901 0.4301 0.0005 
Risk Position #44 0.4916 0.0672 0.4409 0.0003 
Risk Position #45 0.5040 0.0443 0.4515 0.0002 
Risk Position #46 0.5212 0.0223 0.4565 0.0000 
Risk Position #47 0.5675 0.0066 0.4259 0.0000 
Risk Position #48 0.6599 0.0007 0.3394 0.0000 
Risk Position #49 0.7764 0.0000 0.2236 0.0000 
Risk Position #50 0.8960 0.0000 0.1040 0.0000 
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Table 9: Weights for Black-Litterman Model with Views and Resampling (With 
HF Universe Index 50 Risk Positions) 
 
 
Weights  
 
TSX DEX SP 500 T-bills HF Universe 
Risk Position #1 0.0120 0.0318 0.0113 0.9256 0.0193 
Risk Position #2 0.0187 0.0434 0.0176 0.8906 0.0296 
Risk Position #3 0.0255 0.0550 0.0240 0.8556 0.0400 
Risk Position #4 0.0322 0.0667 0.0303 0.8205 0.0504 
Risk Position #5 0.0389 0.0783 0.0367 0.7854 0.0607 
Risk Position #6 0.0456 0.0900 0.0430 0.7503 0.0711 
Risk Position #7 0.0523 0.1017 0.0494 0.7152 0.0814 
Risk Position #8 0.0590 0.1133 0.0557 0.6801 0.0918 
Risk Position #9 0.0657 0.1250 0.0621 0.6451 0.1022 
Risk Position #10 0.0724 0.1366 0.0684 0.6100 0.1125 
Risk Position #11 0.0792 0.1483 0.0748 0.5749 0.1229 
Risk Position #12 0.0859 0.1600 0.0811 0.5398 0.1332 
Risk Position #13 0.0926 0.1716 0.0875 0.5047 0.1436 
Risk Position #14 0.0993 0.1833 0.0938 0.4696 0.1540 
Risk Position #15 0.1060 0.1950 0.1002 0.4345 0.1643 
Risk Position #16 0.1127 0.2066 0.1065 0.3994 0.1747 
Risk Position #17 0.1194 0.2183 0.1129 0.3644 0.1850 
Risk Position #18 0.1261 0.2299 0.1192 0.3293 0.1954 
Risk Position #19 0.1329 0.2414 0.1256 0.2944 0.2058 
Risk Position #20 0.1396 0.2524 0.1319 0.2599 0.2161 
Risk Position #21 0.1464 0.2625 0.1383 0.2262 0.2265 
Risk Position #22 0.1533 0.2715 0.1448 0.1936 0.2369 
Risk Position #23 0.1602 0.2784 0.1513 0.1628 0.2473 
Risk Position #24 0.1673 0.2823 0.1580 0.1346 0.2578 
Risk Position #25 0.1746 0.2833 0.1647 0.1091 0.2682 
Risk Position #26 0.1820 0.2809 0.1716 0.0868 0.2787 
Risk Position #27 0.1897 0.2742 0.1787 0.0682 0.2892 
Risk Position #28 0.1975 0.2642 0.1859 0.0527 0.2997 
Risk Position #29 0.2055 0.2509 0.1932 0.0401 0.3103 
Risk Position #30 0.2137 0.2348 0.2006 0.0301 0.3208 
Risk Position #31 0.2220 0.2161 0.2082 0.0224 0.3314 
Risk Position #32 0.2304 0.1954 0.2158 0.0165 0.3419 
Risk Position #33 0.2389 0.1732 0.2235 0.0120 0.3525 
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Risk Position #34 0.2474 0.1499 0.2312 0.0085 0.3630 
Risk Position #35 0.2561 0.1256 0.2390 0.0059 0.3735 
Risk Position #36 0.2649 0.1008 0.2469 0.0039 0.3835 
Risk Position #37 0.2743 0.0762 0.2551 0.0024 0.3920 
Risk Position #38 0.2851 0.0528 0.2639 0.0015 0.3967 
Risk Position #39 0.2988 0.0328 0.2741 0.0008 0.3934 
Risk Position #40 0.3169 0.0179 0.2860 0.0004 0.3787 
Risk Position #41 0.3395 0.0084 0.2996 0.0002 0.3523 
Risk Position #42 0.3659 0.0033 0.3143 0.0000 0.3165 
Risk Position #43 0.3950 0.0011 0.3296 0.0000 0.2743 
Risk Position #44 0.4254 0.0004 0.3452 0.0000 0.2290 
Risk Position #45 0.4562 0.0001 0.3609 0.0000 0.1829 
Risk Position #46 0.4872 0.0000 0.3766 0.0000 0.1363 
Risk Position #47 0.5185 0.0000 0.3919 0.0000 0.0896 
Risk Position #48 0.5537 0.0000 0.4010 0.0000 0.0452 
Risk Position #49 0.6104 0.0000 0.3767 0.0000 0.0129 
Risk Position #50 0.7042 0.0000 0.2943 0.0000 0.0015 
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Table 10: Weights for Black-Litterman Model with Views and Resampling (With 
Managed Futures Index 50 Risk Positions) 
 
 
Weights  
 
TSX DEX SP 500 T-bills 
Managed 
Futures 
Risk Position #1 0.0189 0.0456 0.0177 0.9114 0.0064 
Risk Position #2 0.0283 0.0629 0.0265 0.8741 0.0083 
Risk Position #3 0.0376 0.0802 0.0353 0.8366 0.0103 
Risk Position #4 0.0470 0.0975 0.0441 0.7991 0.0123 
Risk Position #5 0.0563 0.1148 0.0529 0.7616 0.0143 
Risk Position #6 0.0657 0.1321 0.0617 0.7241 0.0164 
Risk Position #7 0.0751 0.1494 0.0705 0.6866 0.0184 
Risk Position #8 0.0844 0.1667 0.0794 0.6491 0.0205 
Risk Position #9 0.0938 0.1840 0.0882 0.6115 0.0226 
Risk Position #10 0.1031 0.2013 0.0970 0.5740 0.0246 
Risk Position #11 0.1125 0.2186 0.1058 0.5364 0.0267 
Risk Position #12 0.1219 0.2359 0.1146 0.4989 0.0288 
Risk Position #13 0.1312 0.2532 0.1234 0.4613 0.0309 
Risk Position #14 0.1406 0.2705 0.1322 0.4238 0.0329 
Risk Position #15 0.1499 0.2877 0.1410 0.3863 0.0350 
Risk Position #16 0.1593 0.3048 0.1499 0.3489 0.0371 
Risk Position #17 0.1687 0.3216 0.1587 0.3119 0.0391 
Risk Position #18 0.1781 0.3378 0.1676 0.2755 0.0410 
Risk Position #19 0.1876 0.3532 0.1765 0.2399 0.0428 
Risk Position #20 0.1972 0.3667 0.1855 0.2064 0.0442 
Risk Position #21 0.2069 0.3780 0.1946 0.1753 0.0453 
Risk Position #22 0.2168 0.3865 0.2038 0.1469 0.0460 
Risk Position #23 0.2268 0.3923 0.2132 0.1213 0.0464 
Risk Position #24 0.2371 0.3950 0.2227 0.0989 0.0463 
Risk Position #25 0.2475 0.3945 0.2324 0.0797 0.0460 
Risk Position #26 0.2581 0.3909 0.2422 0.0636 0.0453 
Risk Position #27 0.2689 0.3843 0.2521 0.0503 0.0444 
Risk Position #28 0.2798 0.3752 0.2621 0.0395 0.0433 
Risk Position #29 0.2909 0.3638 0.2722 0.0309 0.0421 
Risk Position #30 0.3021 0.3504 0.2825 0.0242 0.0408 
Risk Position #31 0.3134 0.3355 0.2928 0.0188 0.0395 
Risk Position #32 0.3248 0.3193 0.3031 0.0146 0.0383 
Risk Position #33 0.3362 0.3020 0.3135 0.0114 0.0370 
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Risk Position #34 0.3476 0.2838 0.3239 0.0089 0.0358 
Risk Position #35 0.3591 0.2649 0.3344 0.0070 0.0346 
Risk Position #36 0.3707 0.2455 0.3449 0.0055 0.0334 
Risk Position #37 0.3822 0.2260 0.3553 0.0043 0.0322 
Risk Position #38 0.3938 0.2062 0.3658 0.0033 0.0309 
Risk Position #39 0.4054 0.1862 0.3763 0.0025 0.0296 
Risk Position #40 0.4170 0.1661 0.3868 0.0019 0.0282 
Risk Position #41 0.4286 0.1460 0.3973 0.0014 0.0267 
Risk Position #42 0.4402 0.1261 0.4078 0.0010 0.0249 
Risk Position #43 0.4519 0.1064 0.4182 0.0007 0.0228 
Risk Position #44 0.4635 0.0872 0.4286 0.0005 0.0202 
Risk Position #45 0.4751 0.0682 0.4391 0.0003 0.0173 
Risk Position #46 0.4868 0.0498 0.4494 0.0002 0.0139 
Risk Position #47 0.4989 0.0319 0.4592 0.0001 0.0100 
Risk Position #48 0.5159 0.0155 0.4629 0.0000 0.0056 
Risk Position #49 0.5585 0.0043 0.4353 0.0000 0.0019 
Risk Position #50 0.6436 0.0005 0.3556 0.0000 0.0002 
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Table 11: Weights for Black-Litterman Model with Views and Resampling (With 
Managed Futures Index 50 Risk Positions and Type C Weight) 
 
 
Weights  
 
TSX DEX SP 500 T-bills 
Managed 
futures 
Risk Position #1 0.0197 0.0464 0.0184 0.9058 0.0097 
Risk Position #2 0.0293 0.0637 0.0273 0.8665 0.0132 
Risk Position #3 0.0388 0.0810 0.0363 0.8271 0.0168 
Risk Position #4 0.0484 0.0982 0.0452 0.7878 0.0204 
Risk Position #5 0.0579 0.1155 0.0542 0.7484 0.0240 
Risk Position #6 0.0674 0.1328 0.0631 0.7090 0.0277 
Risk Position #7 0.0770 0.1501 0.0721 0.6695 0.0313 
Risk Position #8 0.0865 0.1673 0.0810 0.6301 0.0350 
Risk Position #9 0.0961 0.1846 0.0900 0.5907 0.0386 
Risk Position #10 0.1056 0.2019 0.0989 0.5513 0.0423 
Risk Position #11 0.1151 0.2192 0.1079 0.5119 0.0459 
Risk Position #12 0.1247 0.2364 0.1168 0.4725 0.0496 
Risk Position #13 0.1342 0.2537 0.1258 0.4330 0.0533 
Risk Position #14 0.1438 0.2709 0.1347 0.3937 0.0569 
Risk Position #15 0.1533 0.2880 0.1437 0.3544 0.0605 
Risk Position #16 0.1629 0.3049 0.1527 0.3154 0.0641 
Risk Position #17 0.1725 0.3212 0.1617 0.2770 0.0676 
Risk Position #18 0.1822 0.3366 0.1707 0.2395 0.0710 
Risk Position #19 0.1919 0.3500 0.1799 0.2042 0.0740 
Risk Position #20 0.2019 0.3608 0.1892 0.1716 0.0766 
Risk Position #21 0.2120 0.3686 0.1986 0.1420 0.0787 
Risk Position #22 0.2224 0.3732 0.2082 0.1158 0.0804 
Risk Position #23 0.2330 0.3746 0.2180 0.0930 0.0815 
Risk Position #24 0.2437 0.3724 0.2279 0.0738 0.0821 
Risk Position #25 0.2548 0.3670 0.2380 0.0579 0.0823 
Risk Position #26 0.2659 0.3588 0.2483 0.0450 0.0820 
Risk Position #27 0.2773 0.3479 0.2586 0.0347 0.0815 
Risk Position #28 0.2888 0.3345 0.2691 0.0269 0.0807 
Risk Position #29 0.3005 0.3194 0.2797 0.0207 0.0798 
Risk Position #30 0.3122 0.3030 0.2903 0.0158 0.0788 
Risk Position #31 0.3239 0.2853 0.3009 0.0121 0.0777 
Risk Position #32 0.3358 0.2668 0.3117 0.0092 0.0766 
50 
 
Risk Position #33 0.3476 0.2476 0.3224 0.0071 0.0753 
Risk Position #34 0.3595 0.2278 0.3332 0.0055 0.0740 
Risk Position #35 0.3715 0.2077 0.3439 0.0042 0.0727 
Risk Position #36 0.3835 0.1876 0.3547 0.0032 0.0710 
Risk Position #37 0.3954 0.1677 0.3655 0.0024 0.0690 
Risk Position #38 0.4075 0.1480 0.3762 0.0018 0.0665 
Risk Position #39 0.4195 0.1286 0.3870 0.0013 0.0635 
Risk Position #40 0.4316 0.1098 0.3977 0.0010 0.0599 
Risk Position #41 0.4437 0.0916 0.4085 0.0007 0.0555 
Risk Position #42 0.4558 0.0744 0.4192 0.0005 0.0501 
Risk Position #43 0.4680 0.0582 0.4298 0.0003 0.0436 
Risk Position #44 0.4803 0.0432 0.4404 0.0002 0.0359 
Risk Position #45 0.4926 0.0292 0.4510 0.0002 0.0271 
Risk Position #46 0.5063 0.0165 0.4597 0.0001 0.0173 
Risk Position #47 0.5316 0.0062 0.4543 0.0000 0.0078 
Risk Position #48 0.5941 0.0011 0.4030 0.0000 0.0018 
Risk Position #49 0.6929 0.0001 0.3069 0.0000 0.0001 
Risk Position #50 0.8023 0.0000 0.1977 0.0000 0.0000 
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